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Abstract. This paper presents a fully automated method to segment
the complex left atrial (LA) cavity, from 3D Gadolinium-enhanced mag-
netic resonance imaging (GE-MRI) scans. The proposed method consists
of four steps: (1) preprocessing to convert the original GE-MRI to a prob-
ability map, (2) atlas selection to match the atlases to the target image,
(3) multi-atlas registration and fusion, and (4) level-set refinement. The
method was evaluated on the datasets provided by the MICCAI 2018
STACOM Challenge with 100 dataset for training. Compared to manual
annotation, the proposed method achieved an average Dice overlap index
of 0.88.
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1 Introduction
The left atrial (LA) cavity segmentation is an important step in reconstruct-
ing and visualizing the patient-specific atrial structure for clinical use. Various
important clinical parameters can be derived from accurately segmented LA
structures[3,9]. With development of imaging techniques, the three-dimensional
LA geometry can be non-invasively visualized by computed tomography angiog-
raphy (CTA) or magnetic resonance angiography (MRA). Gadolinium-enhanced
magnetic resonance imaging (GE-MRI) is typically used to study the extent
of fibrosis (scars) across the LA, which provides clinically important diagnostic
and prognostic information. However, manual segmentation of the atrial cham-
bers from GE-MRI is a highly challenging and time-consuming task, due to the
complex shape of LA, as well as the low contrast between the atrial tissue and
background. Accurate automated computer methods to segment the LA and
reconstruct it in three dimensions are highly desirable[8,4,12].
In this work, we present and evaluate a systematic workflow to segment the
LA in a fully automated manner. The proposed workflow consists of four steps:
(1) preprocessing to convert the original GE-MRI to a probability map, (2) atlas
selection, (3) multi-atlas registration and fusion, and (4) level-set refinement.
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2 Data and Method
2.1 Data
The majority of the dataset used in this work were provided by The University
of Utah (NIH/NIGMS Center for Integrative Biomedical Computing (CIBC)),
and the rest were from multiple other centers. For all clinical data, institutional
ethics approval was obtained.
In total, 100 datasets were provided with annotated reference standard for
training purposes.Each 3D MRI patient data was acquired using a clinical whole-
body MRI scanner and contained the raw MRI scan and the corresponding
ground truth labels for the LA cavity and pulmonary veins. The ground truth
segmentation was performed by expert observers.
2.2 Probability Map
GE-MRI typically has non-quantitative signal intensity values that vary among
different scans. The difference is especially pronounced if the scans are from dif-
ferent vendors or centers. To normalize the signal intensity value, we converted
the original GE-MRI to a probability tissue map as a preprocessing step, with
the signal intensity value normalized between 0 and 100%. This was realized by
the Coherent Local Intensity Clustering (CLIC) algorithm [7]: the class mem-
bership functions were calculated by a non-supervised clustering algorithm, and
the probability maps were derived accordingly. The preprocessing was applied
on the entire 3D volume of GE-MRI. Fig. 1 shows a slice of the original GE-MRI
and the resulting probabilistic image.
a b
Fig. 1. An example of the GE-MRI slice: (a) the original GE-MRI scan (arbitrary
range), (b) the preprocessed probability map (range 0-100%).
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2.3 SIMPLE Atlas Selection
Atlas images were selected based on image similarity between the atlas and
the target. We used the selective and iterative method for performance level
estimation (SIMPLE) method for atlas selection based on 3D atrial anatomy
[6]. Poorly performing atlases can be regarded as noise in the majority voting.
These segmentations can be down-weighted by their estimated performance to
reduce their influence on the result of the majority voting. We used the groupwise
registration to get the propagated segmentations from atlas L, and then the
segmentations were combined into Lmean using a weighted majority vote. Lmean
was assumed to be reasonably similar to Ltarget [1]. The estimated performance
was recomputed as f(Li, L
0
mean), where f is the Dice overlapping index, i is the
atlas index, and 0 denotes the number of iterations. The poorly performing atlas
images were discarded if is lower than a predefined threshold, while the rest was
combined into a new atlas set for next iteration of groupwise registration. The
iteration was stopped when the atlas set converged.
2.4 Multi-Atlas Segmentation by Groupwise Registration
Mutli-atlas segmentation is an image-based approach to segment complex anatom-
ical structures in medical images [5]. Define Ai as the atlas image, with known
label Li, i = 1, 2, ..., N , where N is the total number of atlases. Multiple im-
ages with labels were used as a base of knowledge, to segment a new image I
containing the same anatomical structure.
In this work, we used the groupwise strategy to perform multi-atlas registra-
tion [11,10]. We registered all the atlas images in one groupwise registration to
the given image. We formulated it as optimizing a group objective function that
merges the given image with the atlas images:
µˆ = arg min
µ
C(Tµ; I, A1, A2, ..., AN ) (1)
where the cost function C is defined to minimize the variance in the group of
images:
C(µ) = (Tµ(I)− I¯µ)2 +
N∑
i=1
(Tµ(Ai)− I¯µ)2 (2)
with I¯µ is defined as:
I¯µ =
1
N + 1
{
Tµ(I) +
N∑
i=1
Tµ(Ai)
}
(3)
The transformation parameter µ is the ensemble of all transformation applied to
N atlas images Ai and the given image I. Given the preprocessing step, the sig-
nal intensity range in the atlas images and target image is comparable. Therefore
minimization of the variance indicates that all images in the groupwise registra-
tion are well registered. The propagated labels were fused by the majority-vote
method to obtain the segmentation result.
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2.5 Refinement of LA Segmentation by Level-Set
From the atlas-based segmentation, the local methods can still provide incre-
mental improvement. In this step, we used a level-set approach to refine and
grow the initial segmentation, attending to local image details. With the atlas-
based segmentation as initialization, the level-set [2] was applied with the energy
function formulated as:
F (φ) = µ
∫
Ω
|∇H(φ)|dΩ + ν
∫
Ω
H(φ)dΩ
+λ1
∫
Ω
|I(x, y, z)− c1|2H(φ)dΩ
+λ2
∫
Ω
|I(x, y, z)− c2|2 (1−H(φ))dΩ
(4)
where φ is the level set function. The model assumes that the image I is a
three-dimensional image with piecewise constant values. It defines the evolving
surface Ω = 0 as the boundary of object to be detected in image I. c1, c2 are the
average values inside and outside the boundary, respectively. H is the Heaviside
function. µ ≥ 0, ν ≥ 0, λ1, λ2 > 0 are weighting factors of the four terms. The
first term denotes the surface area, and second term denotes the volume inside
the surface. The last two terms are the variance inside and outside the boundary.
A characteristic of the level-set method approach is that it does not have prior
assumptions on the object geometry and can deal with complex shapes such as
the LA. Fig. 2 shows an example of the refinement step.
3 Experiments and Results
Our proposed method was evaluated on the training datasets (N=100) and the
testing datasets(N=54) datasets provided by the MICCAI 2018 STACOM chal-
lenge organizers. The leave-one-out strategy was used: for one target image, we
used the rest of 99 datasets as the potential atlases. We carried out preliminary
experiments and compared the performance of two atlas selection methods: (1)
random atlas selection, (2) SIMPLE atlas selection. In each method 10 best at-
lases were finally selected. The performance in terms of Dice index is reported in
Table.1. The proposed method that tested on the training datasets resulted in
an average Dice index of 0.88± 0.03 and average perpendicular distance (APD)
of 2.47 ± 1.01 mm, superior to random atlas selection (P<0.05 by the Paired
Wilcoxon-test). The method tested on the testing datasets resulted in an aver-
age Dice index of 0.93 . Fig. 3 shows three examples of the 3D reconstruction of
the LA cavity segmentation by the proposed method, compared to the ground
truth manual segmentation.
4 Discussion and Conclusion
In this work, we have developed an atlas-based method to segment the complex
LA cavity from GE-MRI scans. The method includes atlas selection, registration,
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Fig. 2. Two examples of the level-set refinement: (a) and (c) are before refinement with
dice index of 0.89, while (b) and (d) are after refinement with dice index of 0.91. The
blue circle highlights the area of improvement.
Table 1. Performance of our proposed method on the training datasets in terms
of average perpendicular distance(APD) and Dice index. The Dice and APD after
applying the level-set refinement are also reported.
Evaluation after atlas segmentation
Random-selection SIMPLE-selection P-value
Dice indices 0.83 ± 0.07 0.87 ± 0.04 < 0.05
APD 2.67 ± 0.93 2.49 ± 0.01 < 0.001
Evaluation after level-set refinement
Random-selection SIMPLE-selection P-value
Dice indices 0.84 ± 0.08 0.88 ± 0.03 < 0.05
APD 2.65 ± 0.84 2.47 ± 1.01 < 0.001
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Fig. 3. 3D reconstruction of three examples from the provided datasets: red is the
manual ground truth segmentation, and blue is the automated segmentation.
and label fusion. In addition, for better performance of the atlas approach, we
have normalized the GE-MRI images by the probability map, and refined the
final results using the level-set approach.
Depending on similarity between the given image to the individual atlases,
we used iterative rules to select suitable atlases. The atlas-selection method
estimated the performance of segmentation of an individual atlas in an iterative
manner, such that the best performed atlases were selected in a posteriori
manner for progressively better segmentation performance.
We believe that the atlas approach is still interesting in face of the current
trend of deep-learning-based medical image segmentation. Especially when the
training data is scarce, the atlas approach preserves the geometrical characteris-
tics of anatomical structures; by comparing a target image with the atlases, the
algorithm still performs a type of “learning”, although not data-intensive.
In conclusion, we have presented a complete workflow to fully automatically
segment the LA cavity from GE-MRI. Trained and tested on the MICCAI 2018
STACOM Challenge database, the proposed method showed reasonably high ac-
curacy of LA segmentation compared to the time-consuming manual annotation.
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